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Abstract
This paper addresses the pattern of knowledge ﬂows as indicated by patent citations between
European regions. Our ﬁndings support the hypothesis that there are important barriers to
knowledge ﬂows in Europe. Patent citations occur more often between regions which belong
to the same country and which are in geographical proximity. Furthermore, patent citations are
industry speciﬁc and occur most often between regions that are specialised in industrial sectors
with speciﬁc technological linkages between them. Patent citations are also more frequent
when the citing region belongs to the same linguistic group as the cited region.
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I. Introduction
European integration has traditionally been aimed at the reduction of barriers
to intra-European trade and factor mobility. Recent developments in growth
and trade theory suggest that in addition to trade and the mobility of labour
and capital, knowledge ﬂows between countries or regions are an important
determinant of relative growth performance. For example, Grossman and
Helpman (1991, p. 256) conclude that ‘‘growth rates will be faster when the
technical knowledge that contributes to productivity in industrial research
ﬂows readily across international borders, compared to a situation in which
all such knowledge must be generated locally’’.
Relatively little is known about the nature and degree of knowledge ﬂows
between countries or regions. The speciﬁc form of knowledge ﬂows that
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Griliches (1979) distinguishes between two forms of spillovers: those
associated with the exchange of goods (so-called rent spillovers), and those
arising purely from the process of research and development (R&D). Such
‘‘pure knowledge spillovers’’ may come from a variety of sources, such as
the mobility of (R&D) workers, the exchange of information at technical
conferences and in scientiﬁc and technological literature (including patent
documents), reverse engineering, industrial espionage, etc.
Coe and Helpman (1995) ﬁnd evidence for the importance of rent spil-
lovers between countries, in the form of a strong correlation between R&D
embodied in (bilateral) trade ﬂows and total factor productivity growth. On
the other hand, the variety of sources of pure knowledge spillovers makes it
hard to pin down this phenomenon. Caballero and Jaffe (1993), Jaffe,
Trajtenberg and Henderson (1993) and Jaffe and Trajtenberg (1996, 1998)
have recently suggested using patent citations data as a measure of know-
ledge spillovers. Patent documents, like scientiﬁc papers, contain references
to earlier patent documents. These citations may be interpreted as spillovers
from the knowledge described in the cited patent to the knowledge in the
citing patent.
In this paper, we follow this tradition and use data on patent citations
between a disaggregated set of European regions in order to investigate the
determinants of knowledge ﬂows. In particular, we are interested in the
question of whether or not technology ﬂows more easily within countries
than between countries, and to what extent geographical distance has an
inﬂuence on these knowledge ﬂows.
In Section II we brieﬂy discuss some implications of endogenous know-
ledge generation and clustering of such activities in geographical space for
economic development at the country and regional levels, drawing on the
literature on these issues. Section III describes the data set we constructed
using data on patent citations among European patents. In Section IV we
present the econometric speciﬁcations used. Section V is devoted to the
empirical ﬁndings. A concluding section brieﬂy summarises the empirical
ﬁndings and points out some directions for future research.
II. Economic Growth, Regional Development and Clustering of
Technological Activities
Recent theorising on economic growth highlights the importance of know-
ledge ﬂows as a source of endogenous economic growth; see e.g. Grossman
and Helpman (1991) and Romer (1990). Endogenous technological change
produces externalities, either as an automatic outcome of economic activity
in the sense of learning by doing, or as a by-product of deliberate search for
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increasing returns in the aggregate economy.
It has been argued that activities aimed at knowledge creation and know-
ledge ﬂows (including externalities or spillovers) are geographically concen-
trated. Such concentration may result endogenously if, when making a
location decision, ﬁrms seek to reap beneﬁts from nearby knowledge
producers. If such a concentration effect exists, (regional) knowledge stocks
may accumulate in proportion to local industrial activity and R&D. Thus,
increasing returns resulting from spillovers may be bounded within geogra-
phical limits. If knowledge accumulation is related to production or produc-
tivity growth, such geographical concentration of knowledge activities may
lead to clustering of economic activity; see Grossman and Helpman (1991).
Using data on patent citations, Jaffe et al. (1993) and Jaffe and Trajtenberg
(1996, 1998) present empirical evidence on the existence of localised know-
ledge spillovers for the United States. In the ﬁrst of these studies, it is found
that spillovers from research to ﬁrms are more intense when the ﬁrm is
closer to the institution that generated the research. The other two studies
add an element of time, and ﬁnd that patent citations tend to occur initially
between ﬁrms that are close to each other, and later on spread to a larger
geographical area and other countries. To date, however, as far as we know,
no analysis has been carried out on the basis of European regional data, so
that it remains unclear whether or not such phenomena exist for Europe as
well.
Another important issue is the extent to which inter-industry technology
ﬂows take place. If spillovers are mainly intra-sectoral, the impact of
industrial specialisation may be different than if technology spillovers ﬂow
easily between industries; see Lucas (1988). Most studies which take inter-
industry spillovers into account have assumed that the technological distance
between two industries or ﬁrms is symmetric, in the sense that the distance
from i to j is the same as the distance from j to i; see e.g. Jaffe (1986). This
assumption may be convenient from a measurement point of view although,
ideally, asymmetric technological distance between sectors should be al-
lowed for. Here, we construct a measure of technological distance without
imposing symmetry.
III. The Database on Patent Citations
While patent citations are relatively new as indicators of technology, patent
counts have long been used as indicators of innovation.1 Patent documents
contain a detailed description of the patented innovation. In addition to the
1See the survey by Griliches (1990) on use of patent statistics as economic indicators.
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information on the technological class of the patent (IPC) and references to
previous patents, i.e., patent citations. The chief legal purpose of the patent
references is to indicate which parts of the knowledge described are claimed
in the patent, and which parts have been claimed earlier in other patents.
The interpretation of patent citations offered by Jaffe et al. (1993) is that a
reference to a previous patent indicates that the knowledge in that patent was
in some way useful for developing the new knowledge described in the citing
patent. The detailed case study by Jaffe, Fogarty and Banks (1998, p. 183)
on a limited sample of US patents concludes that patent citations are indeed
a ‘‘valid but noisy measure of technology spillovers’’.
We use citations between European patents as a measure of knowledge
ﬂows. Data on patents and patent citations in Europe were obtained from the
European Patent Ofﬁce (EPO, 1996). There are important differences be-
tween the European and US patent systems. First, a European patent is in
fact nothing more than a collection of patents in individual European
countries (each subject to its own law). The EPO acts as a single intermedi-
ary to all participating countries. Innovators may apply for a European patent
up to one year after applying to their national patent ofﬁce. The advantages
of such a ‘‘two-stage procedure’’ include a longer period of secrecy and
development time, as well as having the national application procedure act
as a ‘‘sieve’’ that selects only the ‘‘best’’ inventions. This does imply that
patent data from the EPO cover only a subsample of patents applied for in
Europe, because not all applications are ﬁled at the EPO. Whether or not this
leads to a serious bias is not clear from the outset.2
Second, the EPO patent examiners, rather than the inventors or the
applicants, add a large majority of the patent citations. This implies that the
inventors may not have been aware of a cited patent. In the case of the US
patent system, inventors add the majority of the citations, even if it is the
patent examiners who ﬁnally determine what citations to include. The reason
behind this difference is that the US system requires inventors to provide a
complete description of the technical state-of-the-art, while the European
system does not ask for this.
Still, it is obvious that a citation link in the European case can be regarded
as an indicator of technological relevance. If patent citations are shown to be
more frequent between patents that result from R&D laboratories that are
located near each other, this would indicate that the type of geographical
2On the one hand, patents ﬁled at the EPO may be assumed to have a higher average ‘‘quality’’.
On the other hand, because of the additional costs involved, there might be a bias against small
ﬁrms; see e.g. Blundell, Grifﬁth and Reenen (1995). If localised spillovers are more important
for small ﬁrms, our EPO data may in fact underestimate the level of localisation.
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have pointed out above is indeed a relevant phenomenon. Moreover, citations
in the European system may indicate potential spillovers. Although this
potential may not have been realised in all cases, it is reasonable to assume
that since patents are public knowledge, professional R&D laboratories
would have a reasonable knowledge about existing patents in their ﬁeld.
It should be emphasised that knowledge spillovers are a much broader
concept than what is captured by patent citations (US or European). In terms
of the distinction by Griliches introduced above, patent citations focus on a
speciﬁc form of pure knowledge spillovers. Rent spillovers are completely
left out. Even within the category of pure knowledge spillovers, patent
citations (to the extent that they are related to spillovers) are only part of the
complete story. For example, in order for patent citations to take place, both
the spillover-receiving and spillover-generating regions have to be actively
engaged in R&D and apply for (European) patents.
Since our data are not at the ﬁrm level, we have no way of determining
whether a citation takes place between ﬁrms or within the same ﬁrm. The
clustering hypothesis that is central to our research question does not
concern intra-ﬁrm activities, and hence we are not interested in intra-ﬁrm
citation. The majority of such intra-ﬁrm citations will probably be found as
intra-regional citations. This is why we omit intra-regional citations from the
subsequent analysis (this amounts to approximately 35 percent of all
citations). However, because many ﬁrms operate in different regions, some
of the citations that are inter-regional may still refer to intra-ﬁrm citations. It
is not clear whether such inter-regional, intra-ﬁrm citations will bias the
results on barriers to knowledge ﬂows that comprise the main research
question in this paper.3 It should be noted at this stage that it is difﬁcult to
control completely for self-citations. Even if one were able to extract intra-
ﬁrm citations from the sample at one point in time, it would be very hard to
control for mergers and acquisitions throughout history.
Hence, our analysis refers only to a very speciﬁc and limited form of
knowledge generation activities and knowledge ﬂows, and our data have
some important imperfections. Our approach, however, has the advantage
that we can make use of a very detailed and precise database, in contrast to
the more general indicators of spillovers (such as GDP per capita gaps) that
have been used in other areas of the literature, see e.g. Abramovitz (1985).
We use citations in the complete EPO database (that is, all European
3This will depend on the location of afﬁliates of larger ﬁrms and their citation patterns as
compared to smaller ﬁrms. Globerman, Kokko and Sjo ¨holm (2000) present evidence on
differences in patent citation patterns between Swedish multinational ﬁrms and small and
medium-sized enterprises.
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obviously cited less (on average), and because there were relatively few EPO
applications for the early years (when the EPO was not well known to ﬁrms),
we chose to take a cross section over the complete period, rather than
splitting it into separate periods. Obviously, this implies we cannot analyse
trends in the data.
The citation data were used to match cited and citing patent applications.
All applications were assigned to the region of the home address of the
inventor. The resulting data were aggregated into a region-by-region citation
matrix. The regional citation matrix consists of 112 3 112 European regions
including four small countries for which a regional breakdown is not
available (Finland, Norway, Ireland and Denmark).5
Table 1 reports some descriptive statistics on European patent citations.
For the total sample (ﬁrst row), the mean number of citations between any
two regions (including intra-regional ﬂows) is about 13.3, but the standard
deviation is very high. The inter-regional citations (second to ﬁfth rows)
show a highly skewed distribution. Slightly less than half of all regional pairs
(6,103 pairs of regions) never cite each other’s patents. The frequency of
citations gradually declines for more intensive citation links. There are only
71 pairs of regions for which the number of citations is 200 or more. The
average number of citations for all inter-regional pairs is 8.7 and the average
4We used data on patent applications, not granted patents. We included all applications and did
not discriminate between the institutional nature of the applicants (i.e., ﬁrms, universities and
individual persons).
5In addition to the four countries mentioned in the text, the database consists of regions
belonging to Austria, Belgium, Germany, Spain, France, Greece, the Netherlands, Portugal, the
UK and Sweden. The level of disaggregation used is a combination of so-called NUTS1 and
NUTS2 regions, which is common in European regional analysis (details are available on
request). The aggregation effects described by e.g. Amrheim (1995) might be present even at
our level of aggregation, but less so than in studies of spillovers at the country level or between
(the more limited number of) US states.
Table 1. Descriptive statistics on regional patent citations in Europe
N Mean Std. dev. Min. Max.
Total sample of citation links 12,544 13.31 139.74 0 9,309
Inter-regional citation links 12,432 8.67 40.28 0 915
Positive inter-regional citation links 6,341 16.99 55.13 1 915
National inter-regional citation links 1,304 26.55 90.36 0 915
International citation links 11,128 6.57 28.54 0 870
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national patent citations are more frequent than international ones.
IV. Econometric Speciﬁcation
We specify a general model of technology ﬂows between regions and several
empirical explanatory variables. Geographical distance and national borders
are the explanatory variables of prime interest, but other variables, such as
sectoral technological specialisation, language and country dummies, are
included in the model. The model takes the existing industrial and techno-
logical structure of a region as given. Thus, we approach the localisation of
technology ﬂows from a conservative point of view: the existing pattern of
economic activity in Europe may well be the (dynamic) result of agglomera-
tion effects (including localised knowledge ﬂows), but we control for this. If
anything, our analysis therefore underestimates the long-run effect of
localised ﬂows.
The dependent variable in our analysis is the number of citations between
two regions, denoted by Cij (where i and j indicate regions and i 6¼ j).
Patenting in both the cited and the citing region is a necessary condition for
any citations to occur between them. An upper bound on the number of
citations between two regions is the product of the number of patents in the
two regions. We include the product of patents in the two regions as an
explanatory variable to control for this effect. This product necessarily
exceeds the actual number of citations because the cited patent has to predate
the citing patent.
The geographical distance variable, denoted by dij, is great circle distance
(in miles) based on coordinates for the regions or their geographical centres;
see Gyldendal (1970). For the countries for which regional breakdown was
not available, we used the coordinates of their capitals. Even if the distance
measure as such is exact, the fact that regions differ in size and that
transportation costs vary, make the distance variable rather crude. The
measure is nevertheless commonly used; see e.g. Anselin (1992).
Patent citations are not evenly distributed over sectors. As shown in
Verspagen and De Loo (1999), intra-sectoral citations dominate, and for
inter-sectoral citations, some combinations of sectors occur more frequently
than others. Several studies, e.g. Scherer (1984), have indicated that there
are important user–producer relationships between technological and eco-
nomic sectors, which is a possible explanation for the observed citation
patterns. To capture such technological linkages between sectors, a ‘‘compat-
ibility index’’ was constructed using the observed pattern of citations be-
tween sectors (aggregated over regions) and the regions’ sectoral
specialisation in patenting. The precise deﬁnition of this index is presented
in the Appendix. When two regions are specialised in sectors that are often
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on the compatibility index. The compatibility index, denoted by Sij, ranges
between zero and one, and it is not symmetric. If region i patents to a
relatively large extent in pharmaceuticals and region j patents a great deal in
chemicals, and if patents in pharmaceuticals are often observed to cite
chemical patents, while chemical patents seldom cite those assigned to
pharmaceuticals, Sij will obtain a high value. Sji, on the other hand will
obtain a low value. The impact of the index on the ﬂows between two regions
is expected to be positive. In several other studies, e.g. Jaffe (1986),
measures of technological distance have been based on the overlap of
specialisation between units (ﬁrms, regions, etc). Overlap measures are
symmetric in the sense that proximity between two units i and j is the same
as that between j and i. The measure proposed here is asymmetric (in the
sense that generally, Sij 6¼ Sji) and endogenous.
The model also includes a number of dummy variables, aimed at taking
into account factors that have not been measured by the other variables.
First, we included ﬁxed effects for all cited regions and all citing regions
(except for Portugal and Spain).6 Since our 12,432 observations are created
from a set of 112 regions, the 12,432 draws are not independent. Inclusion of
ﬁxed effects is a robust way around these problems.
As indicated in Table 1, intra-national citations are more frequent than
international citations. This may be a result of common language or other
types of national-speciﬁc effects. To control for this, we included a dummy
variable denoted LANG that is set equal to one for pairs of regions that share
the same language, and zero otherwise. In addition, we included individual
dummies for intra-country observations for all countries with more than
three regions. Intra-country observations for countries with three regions or
less (plus Portugal) are collected under the variable COUNT.7
We express all independent variables as natural logs in order to lessen the
impact of outliers, and to reduce heteroscedasticity. The general speciﬁcation
of the model is the following equation:8
6We included common country dummy variables for each cited and citing region in these two
countries because ﬁxed effects for some Portuguese and Spanish regions resulted in perfect
one-way causation by the dummy variables. These regions either do not cite other regions or
they are not cited by other regions. In total there are 95 ﬁxed-effect dummies for citing regions
and for cited regions, respectively.
7The reason why we did not include individual intra-country dummy variables for all countries
was that this resulted in perfect collinearity. For Portugal, for instance, intra-country citations
are always equal to zero.
8Technology-gap models predict a potential for poor regions to catch up with economic and
technological leaders due to interregional diffusion of technology. To test for this, we included
the variable GAPij deﬁned as the ratio of GDP per capita in the citing region i to GDP in the
cited region j in the regression equation. For regressions with ﬁxed effects included, the term
was not signiﬁcant (and it is not reported). Results are available on request.
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where  9 is the vector of coefﬁcients and the rest of the notation is as
explained in the text.
As noted, the distribution of citations between regions is highly skewed,
with a preponderance of zeros and small values. Furthermore, patent
citations data are count data and occur in integers. In order to take these
characteristics of the data into account, equation (1) was estimated by means
of a Tobit regression and by a negative binomial regression.9
In the Tobit estimation, the two-step method proposed by Heckman
(1979) was applied. This involves ﬁrst estimating a probit model and then,
separately for the sample of positive observations for the dependent variable,
the following equation:
ln Cij ¼  9Xij þ  ºij þ vij, (2)
where º is the so-called inverse Mills ratio,   is the standard deviation of the
error term in the ‘‘true’’ regression equation and v is a heteroscedastic error
term.
However, patent citations data are count data. The basic model found in
the literature to handle count data is the Poisson model. This model and its
extensions have been used extensively to model patents as a function of
R&D; see e.g. Hausman, Hall and Griliches (1984). The Poisson regression
model estimates the relation between the arrival rate of patent citations and
the independent variables. The most common speciﬁcation, which is also
used here, is to model the arrival rate as ln mij ¼  9Xij (mij is the arrival rate
for patent citations between regions i and j). One advantage of this speciﬁca-
tion is that the estimated coefﬁcients can be interpreted as elasticities when
the explanatory variables are taken in (natural) logarithms.
The (conditional) mean and variance of the Poisson distribution are equal
9Several other estimation procedures such as the simpler Poisson model, models with so-called
‘‘regime shifting’’ properties as well as simple OLS were also tried. Results for other
econometric methods are available from the authors on request.
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mean and variance is often rejected in empirical cases. In the negative
binomial regression model, individual unobserved disturbance effects are
introduced into the conditional mean using a gamma distribution; see Greene
(1995). The resulting conditional variance is equal to mij (1 þ (1=Ł)mij),
where Ł is a parameter of ‘‘overdispersion’’ to be estimated (which may
be assumed to depend on a vector h of covariates; we deﬁne h as a subset
of X, see below). This model can be estimated using maximum likelihood
methods.
V. Estimation Results
Table 2 summarises the main estimation results from the Tobit and the
negative binomial regressions.10 Generally, the results conﬁrm our hypoth-
esis that geography, language and country borders matter for technology
ﬂows in Europe.
First, we ﬁnd signiﬁcant negative signs for the distance variable in all
regressions. The absolute value of the coefﬁcient of the distance variable is
fairly large, ranging from 0.3 to 0.4. The estimates imply, for example, that
distance alone makes patents belonging to research labs in Paris cite patents
belonging to labs in Milan (414 miles away) less than half as often as they
cite otherwise equal patents in Brussels (165 miles away). In the work by
Jaffe et al. (1993) and Jaffe and Trajtenberg (1996 and 1998), only state or
national borders were included to test for localisation effects. The results
presented here indicate localisation effects in addition to national and
linguistic borders.
Second, the intra-country dummy variables (the common COUNT variable
and the country-speciﬁc variables) are positive and signiﬁcant. This is
qualitatively similar to the results obtained by Jaffe and his co-authors. Here,
the magnitudes indicate that citations within countries are from 18 to 154
percent more numerous than between countries. The signiﬁcant effects of
country borders give some support to the importance of the concept of
national systems of innovation; see Nelson (1993). The effects of country
borders are those that remain after controlling for distance, technological
specialisation (in terms of the compatibility index) and linguistic borders.
Therefore, factors such as institutions, national politics and history seem to
be of importance. Interestingly, the coefﬁcient of intra-national citations is
smallest for the three largest countries, France, Britain and Germany
10Comparing the predictive power of the various models is not straightforward. The adjusted
R2 and the pseudo-R2 are not directly comparable. We therefore report the squared correlation
between observed citations and the predicted number of citations (the exponentiated prediction
in the Tobit case), which is equivalent to the familiar R2 statistic in OLS.
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sorptive capacities’’, as in Abramovitz (1985), in the largest countries are
less dependent on national characteristics than in the smaller countries.
In addition to the effect of country borders, the dummy variable for
common language is positive and signiﬁcant. Having the same language
increases the amount of knowledge ﬂows between two regions by up to 28
percent. This is an important ﬁnding because the linguistic borders in Europe
are constant over time and relatively insensitive to integration efforts.
The importance of technological specialisation for knowledge ﬂows is
clearly supported. Regions specialised in ‘‘compatible’’ sectors cite each
Table 2. Estimation results of European patent citations (heteroscedasticity-
consistent standard errors in parentheses)
Generalised negative
Tobit Negative binomial binomial
F-value, Wald  2(202) 95.4 73,960.2 92,758.3
N 6,341 12,432 12,432
Adj. R2, pseudo-R2 0.87 0.41 0.36
Log-likelihood  17612.4  17510.3
{Corr.(Cij, predicted Cij)}2 0.92 0.94 0.95
Dependent variable log(Cij) Cij Cij
Independent variables
log(Pi   Pj) 0.93 (0.018)    0.97 (0.027)    0.97 (0.028)   
log(dij)  0.38 (0.018)     0.30 (0.019)     0.29 (0.019)   
Sij 2.53 (0.099)    2.54 (0.106)    2.51 (0.099)   
LANG 0.28 (0.037)    0.20 (0.036)    0.22 (0.035)   
COUNT 1.53 (0.286)    1.56 (0.234)    1.56 (0.227)   
AT 0.71 (0.117)    0.65 (0.110)    0.67 (0.109)   
DE 0.18 (0.053)    0.32 (0.051)    0.29 (0.050)   
ES 0.87 (0.113)    0.80 (0.238)    0.83 (0.249)   
FR 0.35 (0.052)    0.39 (0.049)    0.37 (0.047)   
NL 0.68 (0.080)    0.71 (0.083)    0.69 (0.085)   
UK 0.37 (0.067)    0.33 (0.063)    0.28 (0.058)   
SE 0.84 (0.175)    0.73 (0.150)    0.73 (0.157)   
IT 0.67 (0.061)    0.73 (0.076)    0.72 (0.072)   
lambda 1.53 (0.025)   
log(1=Ł)  2.43 (0.069)
1=Ł 0.088 (0.006)   
log(1=Ł)
log(Pi   Pj)  0.38 (0.039)   
log(dij)  0.26 (0.060)   
Notes:    ,    and   indicate signiﬁcance at 1, 5 and 10 percent, respectively. Intercepts and 95 ﬁxed
effects for each cited and each citing region (except for Spain and Portugal) were included in the
regressions, but are not reported. Pseudo-R2 ¼ 1   L1=L0, where L0 is the value of the log-
likelihood function with the constant only and L1 is the value with all the variables included. Only
signiﬁcant covariates of log(1=Ł) are included in regression.
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ﬁnding indicates that knowledge ﬂows along particular technological trajec-
tories and not randomly between technologies. Generally, industry-speciﬁc
knowledge ﬂows inﬂuence the effects of economic specialisation. Increased
specialisation due to integration may therefore not lead to convergence in
terms of income per capita if productivity growth differs among industries.
The product of the number of patents in the citing and the cited regions
has a positive and signiﬁcant impact, as expected. The elasticity of the
product of the number of patents is in the neighbourhood of one. This is in
line with a priori expectations.11
The results from the negative binomial regressions support the hypothesis
of overdispersion, as indicated by the signiﬁcance of the overdispersion term
in the last two rows of Table 2. The generalised negative binomial (last
column of Table 2) indicates that the overdispersion coefﬁcient is negatively
related to the product of patents and to distance.
VI. Conclusions
Our key research question has been to examine whether geographical
distance, national borders and language differences impede knowledge ﬂows
in Europe. We also investigated the extent to which knowledge ﬂows are
conﬁned to regions with particular technological specialisation.
The results indicate that geographical distance indeed has a negative
impact on knowledge ﬂows, and that this impact is substantial. Knowledge
ﬂows are larger within countries than between regions located in separate
countries, as well as within regions sharing the same language (but not
necessarily belonging to the same country). The results indicate that know-
ledge ﬂows are industry speciﬁc and that regions’ technological specialisa-
tion is an important determinant for their technological interaction (as
spillover producers or spillover receivers).
The role of the barriers to knowledge ﬂows identiﬁed in this paper have
been analysed in recent theories of trade and endogenous economic growth.
Localised spillovers, conﬁned within country borders or by geographic
distance, are potentially a source of economic divergence. If regions are only
able to receive spillovers from nearby regions, they have to rely on smaller
knowledge bases for R&D and production. This may reduce growth and
11It has been pointed out to us that the chosen functional forms, with the dependent variable as
either the log of citations or the number of citations, and the product of patents included as an
explanatory variable, impose a very good ﬁt of the estimates. This is true. We re-ran the
regressions with ln(Cij=PiPj) as the dependent variable and without PiPj as an explanatory
variable. For the Tobit case, the R2 obtained was 0.58, the structural variables kept their sign
and signiﬁcance at the 1 percent level. Detailed results are available on request.
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in which knowledge spills over to all regions. Similarly, industry-speciﬁc
spillovers indicate that the result of specialisation may differ between
regions. Regions specialised in industries with limited potential for produc-
tivity growth may stagnate while others may prosper.
Thus, the ﬁnding in this paper that technology ﬂows are both industry-
speciﬁc and conﬁned by geography, language and country borders, indicates
that regional polarisation in Europe may indeed be a reality. Evidence of
such a process in terms of the relation between economic growth and R&D
has been given by Fagerberg, Verspagen and Canie ¨ls (1997). It is possible
that this situation may lead to higher average welfare as compared to a
situation without clustering of knowledge activities, but it seems clear that
European policy-makers consider such duality undesirable; cf. European
Commission (1997). It is beyond the scope of this paper to consider other
potential sources of regional divergence in Europe. However, our results
suggest that efforts aimed at increasing European regions’ ability to commu-
nicate with each other across country and linguistic borders and over large
distances—such as the recent initiative of building a ‘European Research
Area’, see European Commission (2000)—could have a beneﬁcial impact on
‘European cohesion’.
Unfortunately, our analysis does not permit us to draw any conclusions as
to whether or not the process of European integration has made this problem
less pressing. In future work we intend to analyse the extent to which
European integration has reduced the barriers to knowledge ﬂows.
Appendix. Compatibility Index
In order to construct the index of regional sectoral compatibility for the effects of
industrial specialisation on technology ﬂows, we applied a concordance between
International Patent Classes (IPC) and 22 sectors (ISIC rev. 2), developed by
Verspagen, van Moergastel and Slabbers (1994). The concordance assigns patents to
the sector of origin (i.e., textile machinery is assigned to machinery rather than
textiles).
The index of regional sectoral compatibility between two regions (region i and j),
Sij, was calculated in the following way. The starting point is a sector-by-sector
matrix Z which describes the sectoral citation relations. In this matrix, the element
Zpq denotes the number of patents originating from sector p cited by sector q.W e
constructed a new matrix z by dividing the elements of Z by the column sums, i.e.,
zpq ¼ Zpq= pZpq. The matrix z describes the distribution of a sector’s received
spillovers over spillover-generating sectors. For each region i, we then calculated the
share of sector p in total patenting as  ip ¼ Pip= pPip, where P is the number of
patents. The next step was to calculate, for each region, 22 (i.e., the number of
sectors) correlation coefﬁcients rip between zpq and  ip. We then calculated the
share of a region in patenting of sector p as  ip ¼ Pip=iPip. The regional sectoral
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between the 22 observations on rip and  jp. This correlation coefﬁcient measures to
what extent the sectoral patenting structure of region j is likely to be cited by region
i, given the sectoral structure of i and the sectoral citation linkages. The compat-
ibility index is deﬁned as this correlation coefﬁcient plus one divided by two. The
index ranges between zero and one, where zero denotes no probability of region i
citing region j, and one means that the sectoral distribution in patenting in the two
regions perfectly envisages citation. The regional sectoral compatibility index is not
symmetric so that generally, Sij 6¼ Sji.
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